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The question of whether mutual fund managers can deliver expected returns in excess of naive benchmarks has long been controversial. If fund managers can "beat the market," it has implications for the efficiency of financial markets. If they underperform, it has implications for the structure of the fund management industry. From an investor's perspective, the problem is to choose from a large universe of investment alternatives.
Developing improved methods for measuring the investment performance of fund managers remains an important research problem.
It has been traditional to measure investment performance using "alphas" from a linear beta pricing model, such as the Capital Asset Pricing Model [CAPM, see Sharpe (1964) ]. The alphas are usually calculated using average returns and betas over some historical period. It is well known that this traditional approach has a number of weaknesses in practice [see, for example, Roll (1978) , Jagannathan and Korajczyk (1986) , Grinblatt and Titman (1989) or Ferson and Schadt (1996) ].
In this paper we study the application of modern asset pricing models to the problem of evaluating the investment performance of portfolio managers. In this approach the abnormal performance is measured by the mean of the product of the fund return and a stochastic discount factor. Risk-adjusted returns may thus be calculated without explicitly estimating regression betas. Specifying the stochastic discount factor (SDF) corresponds to specifying an asset pricing model. A stochastic discount factor appropriate for measuring investment performance should correctly price the underlying "primitive" assets available to investors, and should indicate when a manager's portfolio adds value relative to trading naively in those assets. A managed portfolio strategy that can be replicated using the primitive assets and readily available public information has neutral performance.
A variety of specifications for SDFs have been developed in previous studies. Our goal in this study is to provide empirical evidence on the performance of a wide set of models, using a common experimental design. This is important because the inferences about abnormal performance will generally depend on the chosen SDF. Some models may attribute abnormal performance to particular types of naive trading strategies, and the power to detect truly superior performance will differ across the models. We provide evidence on the performance of SDF models, using artificial investment strategies and mutual funds.
Depending on the model, a stochastic discount factor is formed from primitive asset returns or from nontraded risk factors. The approaches we study include three ways of choosing the particular variables. The first approach follows Grinblatt and Titman (1989) and Chen and Knez (1996) , who advocate the use of a minimum-variance efficient benchmark, constructed from the primitive assets. Related models include the "numeraire portfolio" advocated by Long (1990) and extended by DeSantis and Ortu (1997) and the exponential model studied by Bakshi and Chen (1996) . The second approach uses the asymptotic principal components of Connor and Korajczyk (1986) , and is motivated by the Arbitrage Pricing Model of Ross (1976) . A third approach follows Chen, Roll and Ross (1986) and Cochrane (1996) , and is based on a small number of prespecified factors. A stochastic discount factor formulation of the CAPM is a special case of this approach. Also included are the three factors advocated by Fama and French (1996) . Christopherson, et al. (1998) and Ferson and Schadt (1996) (in settings based on linear beta pricing models) find that incorporating information on the state of the economy can change the inferences about mutual fund and pension manager performance. This suggests that conditional performance measures, which use information on the current state of the economy, are important. The general asset pricing approach of this paper makes it easy to condition the analysis on lagged variables. When we construct a SDF using lagged information variables, we call the result a conditional stochastic discount factor model. When no lagged variables are used, we have an unconditional model.
Our evaluation of the SDFs produces a number of interesting observations and conclusions. Comparing the in-sample fit of the models, no model for the SDF clearly dominates the others. The choice between conditional and unconditional models presents a tradeoff. Conditional models deliver smaller average pricing errors for the returns on "dynamic strategies" that use public information, but at the cost of a larger variance of the pricing error.
We evaluate the models using data on artificial "mutual funds," where we control the extent of market timing or security selection ability. We find that many of the SDF models are biased, producing negative alphas when the true performance is neutral.
The bias is on the order of -0.2% per month. Thus, previous evidence based on SDFs [Chen and Knez (1996) ] that funds have negative abnormal returns, reflects a biased measure. Most of the models have sufficient power to detect truly superior ability, and no single model vastly out performs the rest. However, some of the models stand out as inferior. These are the APT, the nontraded economic factors, and the numeraire portfolio.
We use the models to evaluate performance in a monthly sample of 188 equity mutual funds. We find that the average mutual fund alpha is no worse than a hypothetical fund with neutral performance. Funds in the lowest 10% of the alpha distribution have reliably poor performance. Funds in the top 5% of the sample generate alphas consistent with significant ability on the part of managers.
The rest of the paper is organized as follows. Section I reviews performance evaluation with stochastic discount factors. Section II describes our empirical methods and section III describes the data. Section IV presents results on the estimation of the stochastic discount factor models and Section V presents our evaluation of the models in the context of fund performance evaluation. Section VI uses the models to evaluate performance in a sample of mutual funds. Section VII offers concluding remarks.
I. Performance Evaluation with Stochastic Discount Factors

A. The General Framework
A central purpose of performance evaluation is to identify those managers who possess investment information or skills superior to that of the general investing public, and who use the advantage to achieve superior portfolio returns. In order to identify superior returns, some model of "normal" investment returns is required; that is, an asset pricing model is needed. Modern asset pricing theory posits the existence of a stochastic discount factor, m t+1 , which is a scalar random variable, such that the following equation holds:
where p t is the vector of prices for a set of N primitive assets at time t, V t+1 is the vector of payoffs generated by the assets at time t+1, S t denotes an information set available at time t and E(.|S t ) denotes the conditional expectation. Virtually all asset pricing theories may be viewed as specifying a particular model for the stochastic discount factor, m t+1 .
Assuming nonzero prices, equation (1) is equivalent to:
where R t+1 is the vector of primitive asset gross returns (payoff divided by price) and 1 is an N-vector of ones. The elements of the vector m t+1 R t+1 may be viewed as "risk adjusted" gross returns. The returns are risk adjusted by "discounting" them, or multiplying by m t+1 , so that the expected "present value" per dollar invested is equal to one dollar.
Thus, m t+1 is called a stochastic discount factor (SDF). We say that a SDF "prices" assets if equations (1) and (2) are satisfied.
B. Conditioning Information
Empirical work on conditional asset pricing uses predetermined information variables, Z t , which are elements of the public information set S t . By the law of iterated expectations, equation (2) holds when we replace S t with Z t , and we are interested in equation (3):
The measures of performance that result from equation (3) assume a particular semistrong form of market efficiency (Fama, 1970) , which depends on the information chosen.
A conditional approach to performance allows the researcher to set the standard for what is "superior" information in a particular application by choosing the public information Z t .
When Z t is restricted to a constant we have an unconditional measure. With an unconditional measure, any information about future returns is assumed to be "superior"
information that may generate abnormal performance.
C. Measuring Performance
For a given SDF we define a fund's alpha as:
where one dollar invested with the fund at time t returns R p,t+1 dollars at time t+1. In the case of an open-end, no-load mutual fund, we may think of R p,t+1 as the net asset value return. More generally, if the fund generates a payoff V p,t+1 for a cost c pt > 0, the gross return is R p,t+1 / V p,t+1 /c pt . If c pt differs from the price in equation (1), then " pt differs from zero.
If the SDF prices the primitive assets, " pt will be zero when the fund (costlessly) forms a portfolio of the primitive assets, where the portfolio strategy uses only public information at time t. In that case R p,t+1 = x(Z t )'R t+1 , where x(Z t ) is the portfolio weight vector. Then equation (3) implies that
The sign of a fund's alpha should indicate abnormal performance. For example, when R p,t+1 = V p,t+1 /c pt , equations (3) and (4) imply that " pt > (<) 0 if and only if c pt < (>) E(m t+1 V p,t+1 |S t ). In words, the alpha is positive when the market value of the managed portfolio's payoff is greater than the cost of generating the payoff by using the primitive assets and public information. Thus, the alpha may differ from zero if the manager trades using more information than is publicly available, and is thereby able to generate payoffs for less than they would cost an investor without the information.
Alternatively, the alpha may be negative if the manager wastes resources, dissipating the asset value.
In many models m t+1 is the intertemporal marginal rate of substitution of a representative investor. In this case equation (3) follows as an implication of the Euler equation which must be satisfied in equilibrium. If the consumer faces a payoff for which the conditional alpha is not zero he or she will wish to adjust the portfolio, purchasing more of the fund if alpha is positive and less if alpha is negative. This generalizes the interpretation of the traditional Jensen's alpha as a guide for marginal mean-variance improving portfolio choices.
Although the above examples show that alpha can correctly indicate abnormal performance, it will not do so without further restrictive assumptions. In particular, " pt depends on the chosen SDF, and the SDF is not unique unless markets are complete. Thus, different SDFs can disagree on the measured performance in practice, similar to the sensitivity to the benchmark index, in classical approaches to performance evaluation. (See Roll (1978) , Dybvig and Ross (1985) , Grinblatt and Titman (1989) and Chen and Knez (1996) for discussions of ambiguities in performance measurement.)
Given these ambiguities, it is important to assess the sensitivity of the performance measurement to the specification of the SDF. Therefore in this study, we use a number of empirical specifications for SDFs. Our goal is to compare a number of models in a unified setting, with a common data base.
II. Econometric Methods
This section describes the empirical methods in three subsections. First, we describe the general approach to SDF estimation and the particular models of the SDF that we study.
Then we discuss estimating mutual fund performance, or "alphas," in the SDF approach.
A. The General Approach
The general approach to estimating SDFs in much of the recent empirical asset pricing literature is based on equation (3). Each SDF specifies a functional form for m t+1 , that depends on certain data and parameters. A given specification implies an error term:
Then equation (3) says E(u t+1 |Z t )=0, which implies E(u t+1 q Z t )=0, where E(.) denotes the unconditional expectation and q is the kronecker product. The sample counterpart of the moment condition is g= T -1
. Hansen (1982) shows that the GMM parameter estimates, obtained by minimizing the quadratic form g'Wg, where W is a fixed weighting matrix, are consistent and asymptotically normal. Hansen also provides asymptotic standard errors for the model parameters. If W is the inverse of a consistent estimate of the asymptotic covariance matrix of g, then the GMM estimates are asymptotically efficient in the class of quadratic-form-minimizing estimators.
The specifications of the stochastic discount factors that we evaluate in this study are listed below, in equations (6)-(9).
In each of these equations, R t+1 is an N-vector of primitive asset gross returns and Z t is an L vector of lagged instruments. The parameters of the various models are denoted by A, B, C, and M. In equation (8) we partition R t+1 =(R 1,t+1 ,R 2,t+1 ), where R 2,t+1 is an N-1 vector. The various models are briefly described in each of the next four subsections.
B. Linear Factor Models
Early studies of mutual fund performance used the CAPM. The CAPM implies a version of equation (6), where m t+1 is a linear function of the market return [Dybvig and Ingersoll (1982) ]. Later studies used linear, multiple-beta models, motivated either by Merton's (1973) model or the Arbitrage Pricing Model (APT, Ross, 1976) . Examples include Lehmann and Modest (1987) , Connor and Korajczyk (1988) and others. A (conditional) multiple-beta model implies a stochastic discount factor model where the SDF is a (conditional) linear combination of the factors [Shanken (1987 ), Ferson (1995 ]. We refer to models in which m t+1 is linear in prespecifed factors, as Linear Factor Models for the SDF. (We describe the specific factors in later section.) We follow Cochrane (1996) by assuming that the weights a(.) and b(.) are linear functions of Z t . Cochrane calls this a "scaled factor" model, because it is equivalent to assuming that the SDF is a fixed affine function of F t+1 q Z t ; that is, the factors are scaled by the instruments. Dumas and Solnik (1995) use a similar approach. In equation (6) B is an L x (K+1) matrix of parameters, where K is the number of factors.
A linear factor model for the SDF has the advantage that all the primitive assets available to portfolio managers are not required to construct the stochastic discount factor. However, performance will be measured with error if the wrong factors are chosen. The empirical evidence indicates that the performance measurement results of linear, beta models are sensitive to the benchmark (see, e.g., Lehmann and Modest (1987) , Brown and Brown (1987 ), or Grinblatt and Titman (1989 , 1994 ). However, there is little evidence on how sensitive are performance measures, using alternative stochastic discount factor formulations. The linear factor models differ depending on whether or not the factors are traded assets.
C. Linear Models with Nontraded Factors
When the factors are not traded asset returns, the conditional mean of the SDF is empirically identified by the variables according to equation (6). However, the conditional mean of m t+1 should be related to a zero-beta return; that is, a return conditionally uncorrelated with m t+1 , given Z t . If the zero-beta gross return is R 0t+1 then equation (3) implies that E(m t+1 |Z t )=[E(R 0t+1 |Z t )] -1 . Assuming that the one-month Treasury bill rate is in the information set, we use it to impose the condition that E(m t+1 RF t -1|Z t )=0, where RF t is the gross risk-free return. We find that it is important to impose the restriction that a nontraded factor model prices the risk-free asset, and thereby restrict the conditional mean of the SDF. We experimented with several models using nontraded factors, and found that the models performed much worse without the restriction that the risk free asset is priced.
D. Traded factors
As described earlier, a beta pricing model for expected returns implies an SDF model, where the SDF is a (conditional) linear function of the factors. Given traded factors the coefficients in this linear relation must satisfy certain restrictions, as shown by Dybvig and Ross (1982) , Jagannathan and Wang (1996) and Ferson and Jagannathan (1996) . For example, in the unconditional CAPM, m t+1 = a + bR m,t+1 , where R m,t+1 is the gross market return. Requiring the model to price the market return and also a zero beta return we have E{ [a+bR m,t+1 ]R m,t+1 }=1 and E{[a+bR m,t+1 ]R 0t+1 }=1. These two conditions identify the parameters a and b as functions of the first and second moments of the market index and the zero beta return. Similar restrictions apply to multifactor and conditional models (see Ferson and Jagannathan (1996) for more details). When we estimate models using traded factors we require that the model price the traded factors by including them, along with the one-month Treasury bill, among the primitive asset returns.
E. Primitive-Efficient Stochastic Discount Factors
Consider a conditional projection of an m t+1 that satisfies equation (3) onto the vector of primitive returns R t+1 . The solution is:
We call the stochastic discount factor m PE t+1 a primitive-efficient stochastic discount factor. This term reflects the fact that m PE t+1 is a linear function of a conditionally minimumvariance efficient portfolio. Grinblatt and Titman (1989) propose an unconditionally meanvariance efficient portfolio as a benchmark for performance measurement, as an alternative to the CAPM. Chen and Knez (1996) develop primitive efficient SDFs for performance evaluation and Dahlquist and Soderlind (1999) study their sampling properties by simulation. He, Ng and Zhang (1998) specialize the approach to handle a larger number of primitive assets.
A primitive efficient SDF has the advantage that known anomalies (e.g. "size" or book/market effects) can in principle be prevented from generating spurious abnormal performance, by including them in the primitive asset returns. A disadvantage is that in principle, all the primitive assets available to managers must be measured, in order to form the correct SDF. In practice, we have many more assets than time periods, so a subset of primitive assets must be used. We use a common list of primitive assets for all of the models, in order to provide a clean comparison.
In forming a primitive-efficient SDF with a given set of primitive assets, R t+1 , the problem is to estimate the weights, M(Z t )'=1'E(R t+1 R t+1 '|Z t ) -1 . One could estimate the conditional second moment matrix of the returns using any of a number of approaches (e.g., GARCH, kernel estimation, neural networks, etc.). However, it is not necessary to estimate the entire N x N moment matrix in order to find the weights. Only the sums of the columns of the inverse matrix are needed. Since the weights should be a function of the instruments, Z t , a simple approach is to assume a functional form for the weights.
We follow Chen and Knez (1996) , who assume that the weights M(Z t ) are linear functions of Z t : M is an N x L matrix and L is the dimension of Z. The GMM based on this specification is exactly identified, with NL parameters and NL orthogonality conditions. When M(Z t ) is assumed to be a linear function, the conditional primitiveefficient model is similar to the conditional linear factor models, in the sense that it is equivalent to an unconditional model using the dynamic strategies formed by multiplying the primitive assets by the lagged instruments. Thus, the conditional model will price these dynamic strategies in the sample, by construction.
F. Numeraire portfolios
Long (1990) suggests the inverse of the gross rate of return on a "numeraire portfolio" as an SDF. In Rubinstein's (1976) log-utility model, the market portfolio is used. Long shows that some numeraire portfolio exists if there is no arbitrage. Kang (1995) uses a numeraire portfolio to evaluate fixed income mutual funds and Hentschell, Kang and Long (1998) use the approach for international bonds. We estimate numeraire portfolios using equation (8). R 1t+1 is the first primitive asset, which we take to be the Treasury bill, and A is an (N-1)xL matrix of parameters. When Z t is the set of lagged instruments we have a conditional model, where we assume that the weights are linear functions of the lagged instruments as in the other conditional models.
In this model the SDF is a nonlinear function. Because the weights enter nonlinearly the conditional numeraire portfolio model is not equivalent to an unconditional model applied to the dynamic strategy returns, (R t+1 q Z t ). Thus, the conditional numeraire portfolio model will not price the dynamic strategies by construction in the sample. 
G. The Bakshi-Chen Model
Bakshi and Chen (1996) propose an alternative model in which the SDF is an exponential of a linear function of the primitive asset's log returns. This formulation has the potential advantage that the SDF is constrained to be positive. The existence of some strictly positive SDF is equivalent to a lack of arbitrage opportunities in a perfect market. (Lack of arbitrage does not require that all valid SDFs are strictly positive.) The BakshiChen formulation of the SDF, like the numeraire portfolio model, is nonlinear in the factor returns. Nonlinear SDF models are also advocated by Bansal, Hsieh and Viswanathan (1993) .
H. Measuring Mutual Fund Performance
1 The moment conditions of (8) must be modified because the gross asset return matrix multiplied by the numeraire portfolio has a linear combination of columns that is nearly a vector of ones. Unity minus the matrix of the gross asset returns multiplied by the fitted SDF is therefore rank deficient, and the GMM weighting matrix is singular. To resolve this problem we use eight primitive assets in the formation of the numeraire portfolio, while the SDF is asked to price the nine primitive assets. (In joint estimation with a fund, we use seven of the primitive assets in forming the numeraire portfolio.) We also follow Long (1990) and Kang (1995) by using nonlinear least squares, where the GMM weighting matrix is the identity matrix. Such estimates are consistent but not efficient. We experimented with a full GMM approach but found the estimates to be numerically unstable; this is one practical disadvantage of the numeraire portfolio approach.
The conditional alphas for each date may be estimated by assuming a functional form for the conditional expectation given Z t in equation (4). For example, Christopherson, et al. (1998) use a linear function of Z t . For a given SDF model, the average performance, " p =E(" pt ), is given by the unconditional expectation of equation (4).
Our approach for estimating " p is to form a system of equations, stacking the error terms of equation (5) with an additional error term, equal to " p -m t+1 R p,t+1 + 1. This way, we simultaneously estimate the parameters of the SDF model and the fund's alpha. A problem with the simultaneous approach is that the number of moment conditions grows substantially if many funds are to be evaluated. We estimate the joint system separately for each fund.
We evaluated a simpler two-step approach where the SDF is estimated in a first step, independent of the fund evaluation. Then, the fund abnormal return is measured in the second step by simply multiplying the gross fund return by the SDF and subtracting one. The average performance is the sample mean of the abnormal return. Such two-step estimators are consistent, but the standard errors do not account for the first stage estimation error in the parameters of the SDF. While simple to implement, we found that the two-step approach is remarkably less efficient than the joint estimation procedure. We therefore concentrate our analysis on the joint procedure.
III. The Data
We use four different data sets in our study. Portfolio returns represent the primitive assets, and risk factors define the specific factor models. A set of predetermined instruments represent public information. Finally, we illustrate the measures on a sample of mutual fund returns.
A. Primitive Asset Returns
The primitive assets should reflect the returns available to investors and fund managers. Of course, it is not practical to measure all available investment returns. In preliminary analyses we found that the sampling properties of SDF models are poor when a large number of primitive assets are used in their estimation. For this reason, we choose a small number of bond and stock portfolios designed to capture common strategies that mutual funds may use. As discussed previously, the primitive assets also include the traded factors in the linear factor models.
We use the Standard and Poors 500 index (SP500), which is representative of a large-cap index strategy, such as that followed by some mutual funds. The SP500 remains the most common benchmark for fund performance in practice. We also use it to represent the market portfolio in the CAPM. The risk-free return to "cash" is represented We form six additional primitive assets from common stock portfolios constructed by Carhart, et al. (1996) . For each month Carhart et al. (1996) group the common stocks on the CRSP tape into thirds according to each of three independent criteria, thus producing 27 portfolio return series. The grouping criteria are (1) the past return for months t-2 to t-12, (2) equity market capitalization, and (3) the ratio of book equity to market equity. We choose six portfolios which span the features of this three dimensional set of attributes.
Of these six portfolios, one represents a "momentum" strategy and another respresents a short term "contrarian" strategy. For the momentum (contrarian) strategy we use an equally weighted average of the nine portfolios with the highest (lowest) t-2 to t-12 returns, thereby controlling for book-to-market and firm size. This strategy is motivated by studies that find that mutual funds and pension funds use momentum strategies [Grinblatt, Titman and Wermers (1995) or Ferson and Khang (1999) ]. A short term contrarian strategy is the opposite of a momentum strategy, and involves holding stocks with recent low returns.
In recent years we've have witnessed a proliferation of funds specializing in stocks of specific market capitalization ranges (e.g. small-cap, mid-cap or large-cap). The large-cap portfolio is the SP500. We form a small-cap portfolio by an equally weighting the nine portfolios with the lowest market capitalization.
Value and growth strategies are formed by grouping stocks on the basis of their past book-to-market ratios. The performance of such strategies has received a great deal of attention in recent studies, following the work of Fama and French (1992 , 1993 , 1996 . For the value (growth) strategy we use an equally weighted average of the nine portfolios with the highest (lowest) book-to-market ratio, thus controlling for firm size and past relative return effects.
B. Risk Factors
Our risk factors follow previous asset pricing studies. We group the factors into "traded" and "nontraded" factors. One traded factor is the excess return of the SP500 stock index, relative to the one-month Treasury bill return. This is motivated by the Capital Asset Pricing Model, which we examine as a special case. We also examine a threetraded factor and a four nontraded factor model. The additional traded factors are similar to those used by Chen, Roll and Ross (1986) and Ferson and Harvey (1991) , and include the monthly returns of low grade corporate bonds and those of long term U.S. government bonds. As mentioned earlier we include the traded factors among the primitive assets.
Requiring the model to correctly price the traded factors imposes restrictions on the coefficients of the SDF model that are required by the theory.
Our four non traded factor model uses the monthly real, per capita growth rate of aggregate personal consumption expenditures for consumer nondurable goods (Citibase GMCN) plus services (GMCS), divided by the total U.S. civilian noninstitutional population (P16.monthly). This variable is motivated by the consumption-based asset pricing model [e.g. Lucas (1978) , Breeden (1979) ] and the empirical evidence of Ferson and Harvey (1991). The second non-traded factor is the growth rate of monthly industrial production in the U.S. and the third factor is an inflation rate. Chen, Roll and Ross (1986) use these factors in their model. The industrial production factor can also be motivated by the work of Cochrane (1996) on production-based asset pricing. Our industrial production series is the continuously-compounded growth rate of the seasonally adjusted index number, 1992=100 (Citibase IP.monthly). The inflation rate is measured as the monthly percentage change in the consumer price index, CPI-U, from Ibbotson Associates via CRSP. The fourth nontraded factor is the growth rate of the money stock. Following Chan, Foresi and Lang (1996) , who find evidence to support the pricing of money growth risk, we use per-capita, inside money, measured as M2 (Citibase FM2.monthly) less currency or M1 (FM1.monthly) divided by the population measure. We deflate the quantity by the consumer price index, and use the first difference of the logarithm as our money risk factor.
We include the three-factor model advocated by Fama and French (1993, 1996) . There is some controversy about this model because the variables are chosen based, not on theory, but on an observed empirical relation in the cross-section of asset returns [see Ferson, Sarkissian and Simin (1999) ]. Still, given the widespread application of these factors in recent studies, it is interesting to compare the performance of this three factor model with that of the other models. For factors, Fama and French use a market index return, the return difference between small and large-cap stocks (SMB) and the return difference between high and low book-to-market stocks (HML). We use the SP500 as the large cap index; the remaining indexes are drawn from our primitive asset portfolios, described above.
Finally, we include an exact, three-factor version of the Arbitrage Pricing Model [Ross (1976) ]. The factors are excess returns for the first three asymptotic principal components in a large sample of monthly stock returns. Similar factors are used for mutual fund performance evaluation by Connor and Korajczyk (1988) and for conditional asset pricing by Ferson and Korajczyk (1995) .
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C. Predetermined Information Variables
Previous studies have identified a number of variables that are useful in predicting security returns over time and thus are candidates for the public information, Z t .
In studies of the conditional performance of mutual funds, two economy-wide variables have been the most prominent [see Ferson and Schadt (1996) , Ferson and Warther (1996) or Becker, et al. (1999)] . These are a level of short term interest rates and a market dividend yield. In order to keep the number of instruments small, we limit the analysis to these two instruments.
The one-month bill yield is from the CRSP riskfree files. The yield is calculated from the bid prices on the last trading day of the previous month. We subtract from the 1-month yield the average of its values for the previous 12 months, a simple form of stochastic detrending. The dividend yield is the price level at the end of the previous month on the CRSP value-weighted index of NYSE + AMEX firms, divided into the previous twelve months of dividend payments for the index. Table I presents 
IV. Estimating the Stochastic Discount Factor models
In Tables II and III we evaluate the fit of the stochastic discount factor models in the sample of primitive assets. The models are estimated using monthly data for the period July, 1963 through December, 1994. The first row of panels A includes the results for a constant discount factor model, in which the SDF is assumed to be a fixed constant over time equal to the inverse of the sample mean of the gross return of the one-month Treasury bill. A constant-SDF model can be motivated by risk neutrality, where the marginal rate of substitution of a risk-neutral investor (with time-additive, state-independent utility) is constant over time. For our purposes, this provides a simple point of comparison for the performance of the models.
A. Summary statistics of the Average Pricing Errors
Table II presents summary statistics for the time-series of the fitted SDF's.
The means of most of the SDFs are slightly below 1.0, and close to the inverse of the mean of the gross Treasury bill return. The four nontraded factor model is the exception.
As the complexity of the models increases (more factors are used, or we move from an unconditional to a conditional model), the standard deviation of the fitted SDF generally increases. This makes sense from the perspective of the Hansen-Jagannathan (1991) bounds, which imply that the variance of an SDF increases when the number of assets increases. Recall that for the linear factor models, a conditional model is equivalent to an unconditional model fit to the primitive asset returns and the "dynamic strategy" returns The Hansen-Jagannathan (1997) measure is a summary of the mean pricing errors across a group of assets. The measure may be interpreted, analogous to Hotelling's T 2 statistic, as the maximum "t-ratio" of pricing errors for portfolios of the primitive assets.
Its advantage in our setting is that the standard error of the "t-ratio" in question is not affected by estimation error in the SDF, as it depends only on the test asset returns. Thus, there is no penalty or advantage to a volatile SDF. The HJ measure may also be interpreted as the distance between the candidate SDF and one that would correctly price the primitive assets. When the lagged instruments, Z, are used to form dynamic strategy returns, and these are included in the measure, we have the conditional HansenJagannathan distance measure, denoted by "HJcon" in the table. When Z is restricted to a constant and the dynamic strategies are not included, we have the unconditional measure denoted by "HJun."
3 Using the unconditional HJ distance measure all of the unconditional models, except for the APT, have smaller pricing errors than would be obtained by merely discounting the returns at a fixed risk-free rate. The primitive-efficient and Bakshi-Chen models produce the smallest distances, essentially zero by construction. The numeraire portfolio also produces a small unconditional measure. This does not mean that these models will perform well for performance measurement. It does mean that an out-ofsample evaluation should be informative. The unconditional Fama-French model has a smaller unconditional distance measure than the CAPM or three-factor model. The unconditional four-factor model also has a small distance measure.
The conditional models generally produce larger unconditional HJ distances than their unconditional model counterparts. In attempting to price the dynamic strategies implied by the lagged instruments, the conditional models sacrifice some accuracy on the primitive returns. We also examine the mean absolute pricing errors (not reported) and find they are larger for the conditional models, reflecting the larger sampling error of the conditional models. This is consistent with the conclusions of Ghysels (1998) for beta pricing formulations of conditional models. Ghysels finds that conditional models have largers mean squared errors on the primitive asset returns than unconditional models. better than a constant discount factor model. This illustrates why equity and fixed income models are distinct, both in empirical research and in practice. It is hard to find factors that can explain the dynamics of both stock and bond returns.
B. The Dynamic Performance of SDF Models
Some of the unconditional models explain a good fraction of the predictability in the equity portfolio returns. The unconditional Fama-French model leaves the smallest standard deviations, followed by the CAPM. The three-traded factor model is a close third place. The unconditional four-factor, APT, numeraire portfolio and primitive-efficient models perform poorly. The product m t+1 R t+1 in these models has larger regression coefficients on Z t than R t+1 does.
Panel B of Table III presents results for the conditional SDF models. The conditional primitive-efficient and Bakshi-Chen models produce fitted pricing error standard deviations close to zero. This is because the models are fit to make the expected product of the errors with the lagged instruments equal to zero in the sample. In general, the conditional models perform markedly better than their unconditional counterparts. The exceptions are the CAPM and Fama-French models. The Fama-French model deteriorates substantially in its conditional version.
The results in Tables II and II suggest a refinement of the in-sample mean squared errors examined by Ghysels (1998). In the context of beta pricing models, Ghysels finds that conditional models have larger mean squared pricing errors on the primitive assets than unconditional models. Tables II and III are consistent with this finding. However, conditional models have smaller pricing errors on the dynamic strategy returns, (R t+1 qZ t ), and therefore do a better job of controlling the predictable components of the primitive asset returns in the sample. More research is needed to compare the outof-sample performance of conditional and unconditional models along these dimensions.
V. Evidence on Artificial Mutual Funds
We construct artificial mutual funds with varying amounts of known performance, using stock returns from the CRSP data files, for the sample period July 1963 through Then, we evaluate the various measures given known levels of ability.
A. Artificial Stock Pickers
An artificial stock picker starts with a value weighted portfolio of 200 stocks randomly chosen from the largest 1,000 companies, ranked by market value as of January, 1963. We run the model from January through June and discard the first six months, using the returns for July, 1963 -December, 1994 in the analysis. The portfolio is updated monthly, with buy and sell candidates chosen according to the following model:
Here, the signal received for stock i at time t-1 is a convex combination of an 
B. Artificial Market Timers
It is well known that classical measures of alpha are biased and otherwise difficult to interpret in the presence of market timing behavior [e.g. Grant (1977), Grinblatt and Titman (1989) ]. Specific market-timing models, such as Treynor and Mazuy (1966) and Merton and Henriksson (1981) , as well as their conditional counterparts developed by Becker, et al (1999) and Ferson and Schadt (1996) , all rely on highly stylized assumptions.
No previous study has examined the performance of a collection of SDF models in the context of market timing behavior. Thus, it is interesting to consider an artificial markettiming mutual fund.
Our artificial market timer invests in either the market index (Standard and
Poors 500) or a one month Treasury bill. The portfolio return for month t is therefore equal to RF t + x t-1 r mt , where r mt is the excess return of the Standard and Poors 500 over that of the one-month Treasury bill, RF t . The portfolio weight x t-1 is a binary variable given by:
x t-1 = I{ 0.5*(1+()<0 } I{r mt #0} + I{ 0.5*(1+()>0 } I{r mt >0},
where I{.} is the indicator function and 0 is an independent random variable, uniformly distributed on the interval (0,1).
The parameter (, (0 # ( # 1), measures the signal quality. When the information is perfect ((=1), the manager invests the entire portfolio in the market index if and only if the return on the market portfolio in the next period is greater than the return of the Treasury bill. Otherwise, the manager invests the entire portfolio in Treasury bills.
When the manager has no market timing ability ((=0), the portfolio is either 100% in the market or bills, based on a coin flip.
The parameter ( for a market timer may be interpreted by the correlation it implies between the portfolio weight, x t-1 , and the indicator for a positive market excess return, I{r mt >0}. If (=0 the correlation is zero, and if (=1 the correlation is 1.0. In between these values the correlation depends on the value of p=Prob{r m >0}, but the value of ( is a close approximation to the correlation. We find below that the best performing mutual funds (i.e. those in the top 2.5% to 5% tail of the distribution) have performance measures similar to an artificial market-timing fund with values of ( equal to 0.55 to 0.6. have larger standard deviations of return and also, higher betas. These tilts explain the higher standard deviations and betas of the funds with higher ability levels.
C. Summary Statistics for the Artificial Funds
Panel B summarizes the artificial market timers, for ability levels between (=0.5 and (=1.0. The beta of the timers' returns on the S&P500 is always close to 0.5, since the strategies hold the S&P500 about half of the months and the Treasury bill the other half. The standard deviations of return vary from 2.5% to 3.4% per month, and the mean returns vary from 0.7% to 2.3% per month across the ability levels. In this sample, neither effect is strictly monotonic in (. The affect of ability on the average returns is not as great for the market-timing funds as for the stock-picking funds. The autocorrelations are all near zero. Table V summarizes the results from joint estimation of the artificial mutual fund performance and the SDF models. Panels A and B use the artificial stock picking funds, summarizing the alphas and their t-ratios, respectively. There are a number of interesting results.
D. Performance of the Models with Artificial Funds
Most of the models have a bias, producing negative alphas when (=0 so there is no performance. The typical alpha in this case is about -0.2% per month. In general, the conditional models have smaller biases when (=0. An exception is the FamaFrench model, where the bias is slightly worse in its conditional form. The APT has the largest negative bias when there is neutral performance, among the linear factor models.
The primitive-efficient, numeraire portfolio and Bakshi-Chen models also produce negatively-biased alphas when there is neutral performance. The bias of the primitive-efficient model is similar to that of the linear factor models. Chen and Knez (1996) , using primitive-efficient models, find that mutual funds have negative abnormal returns. Our results suggest that this finding reflects a biased performance measure. The artificial stock picker nees a ( of about 0.15 (IC=0.17) to generate a non negative alpha.
When (>0 the results provide information on the power of the models to detect superior fund performance. Most of the models are able to detect superior performance at the higher ability levels (($0.25), but at lower ability levels all of the models perform poorly. The t-ratios in Panel B show that the conditional models often have slightly higher power than the unconditional models, when (>0.4. The Fama-French model is an exception, where power is lower in its conditional form.
The four-factor model performs poorly, compared with the other linear factor models. This model has a small bias when (=0, consistent with the impression from the Hansen-Jagannathan distances in Table II . However, it generates smaller t-statistics than the other factor models when the ability levels are high. Finally, the numeraire portfolio SDF produces small alphas for most ability levels, in its unconditional form, and large negative alphas in its conditional form. The numeriare portfolio estimates have huge standard errors, relative to the other models.
Panels C and D of Table V use the artificial market timing mutual funds. Unlike the results for stock picking, there is no significant negative bias for uninformed market timers. All of the models, except for the numeraire portfolio, can detect high levels of ability. Compared with the results for stock-pickers, we find smaller t-ratios for a given IC, and the t-ratios are not strictly monotonic in (. This is consistent with the smaller affect of ( on average returns, and the lack of monotonicity for market timers in Table IV . The CAPM, three-factor, APT, Fama-French and Bakshi-Chen models turn in broadly similar performance. The primitive-efficient SDFs have slightly smaller t-ratios at the higher ability levels, and the four-factor models have markedly lower power.
We conclude that no model for the SDF clearly dominates the others, but some models are inferior to the rest. The worst performing models overall are the numeriare portfolio and the linear factor model with four nontraded economic factors. Given the numerical instability of the numeraire portfolio model, poor performance and large standard errors may be expected. Its relatively high computation costs are another disadvantage. The poor performance of the four nontraded factor model likely reflects the low correlation of monthly stock returns with the economic variables.
VI. Using the Models to Measure Mutual Fund Performance
We use the SDF models to measure performance in a sample of open-ended mutual funds that is free of survivorship bias. The data come from Elton, Gruber and Blake (1996) . 5 The sample consists of all funds that were categorized as "common stock" funds in the 1977 edition of Wiesenberger's Investment Companies and that had at least $15 million in total net assets under management at the end of 1976. Variable annuity funds (which are usually tied to insurance products) and funds that place restrictions on the purchaser are excluded. The remaining 188 funds are followed through name changes and mergers for the period 1977 to 1993. [See Elton, Gruber and Blake (1996) for details.]
The monthly returns for the mutual funds reflect the reinvestment of dividends and capital gains and are net of most expenses, except front-end load charges and exit fees. Summary statistics for the returns of the funds are presented in panel C of Table I . Table VI summarizes the distribution of the mutual fund alphas under the various models. We report the alpha values at selected fractiles of the distribution for the 188 funds. By comparing these values with those in Table V , where the degree of abnormal performance is known, we can interpret the results.
For most of the models the mean and median alphas are nearly equal, indicating no important skewness in the distribution. Table V presented evidence of a negative bias in the alphas when stock-picking performance is neutral, averaging about -0.2% per month. In Table VI this value is close to or slightly below the median alpha for the actual mutual funds. Thus, the evidence is consistent with the view that a typical mutual fund has neutral, not poor risk-adjusted performance. This conclusion is conservative in view of the fact that the artificial funds do not pay transactions costs, while actual funds do. Adjusting for these costs the actual funds' performance would look better.
It is interesting to examine the upper tail of the mutual fund alphas. For most of the models the top 2.5% or top 5% of the funds are defined by a similar alpha cutoff --about 0.2 to 0.3 percent per month. In the artificial funds, these alphas correspond to values of ( between 0.20 and 0.25. Alternatively, the ICs, or correlations between the fund's signal and the future, security-specific return, are in the 24% to 32% range. The alphas correspond to correlations of about 0.55 in the artificial market timers.
Under the hypothesis of no abnormal performance, we would expect the top 5% to lie about two standard errors above the mean. With 204 observations on the funds, the standard error of a correlation coefficient is about 0.07, so two standard errors is about 14%, well below the 24%-32% values implied by the funds' alphas under security selection and the 55% implied by market timing. Thus, the evidence says that the best performing mutual funds have significant ability.
VII. Concluding Remarks
This paper studies a general conditional asset pricing framework for evaluating the performance of mutual funds, comparing a number of models for the stochastic discount factor (SDF). The framework makes it easy to condition the analysis on public information about the state of the economy and facilities risk-adjustment. We provide a comparison of a large number of asset pricing models in a uniform experimental design.
No model for the SDF clearly dominates the others, but some models are clearly inferior to the rest. The worst performing models are the numeriare portfolio and the linear factor model with four nontraded economic factors. The choice between conditional and unconditional models presents a tradeoff. Conditional models can deliver smaller average pricing errors for dynamic strategies, but at the cost of larger variances of the pricing errors.
We evaluate the models using data on artificial "mutual funds," where we control the extent of market timing or security selection ability. We find that many of the SDF models are biased when the fund engages in security selection, producing negative alphas when the true performance is neutral. The average bias is about -0.2% per month.
Thus, previous evidence [Chen and Knez (1996) ] that funds have negative abnormal returns reflects a biased measure. When funds engage in market timing, we find no negative bias in the SDF models.
Finally, we use the models to evaluate performance in a monthly sample of 188 equity mutual funds. We find that the average mutual fund alpha is no worse than a hypothetical fund with neutral performance. Funds in the top 5% of the sample generate alphas consistent with significant investment ability.
Table I Summary Statistics
The data are monthly from July of 1963 through December, 1994, a total of 378 observations (the lagged instruments are known at the end of the previous month). For the mutual funds the sample period is January, 1977 through December, 1993 and there are 204 observations. The units are decimal fraction per month. D 1 is the first order sample autocorrelation.
The primitive asset rates of return 
Mutual fund returns: Equally-weighted portfolios sorted by sample mean returns (Jan. 1977 -Dec. 1993 Various models for stochastic discount factors (SDFs) are estimated using the equations in the text and monthly data for July of 1963 through December 1994 (378 observations). The units of the returns are monthly decimal fractions. E(m) is the sample mean, sd(m) is the sample standard deviation and D 1 (m) is the first order autocorrelation of the estimated stochastic discount factor. The primitive assets used in estimating the SDF models are the Standard and Poors 500, a long term government bond, a low-grade corporate bond, a one-month Treasury bill, and five portfolios grouped as described in the text, according to lagged returns (momentum, contrary), book-to-market ratios (value, growth) and market capitalization (small stocks). For the APT models, three asymptotic principal components replace the sp500, low-grade bond and contrarian portfolios. HJun and HJcon are the Hansen-Jagannthan measures of misspecification. HJcon is the conditional measure, which uses the returns and the the lagged instruments, while HJun uses no lagged instruments. The lagged instruments are the one-month Treasury bill yield and the dividend yield of the CRSP value-weighted stock index. is the SDF, R t+1 is the particular asset gross return and Z t is the vector of lagged instruments. The primitive assets used in the SDF models are the Standard and Poors 500 index (sp500), the long term government bond (govt), a low-grade corporate bond (junk), a one-month Treasury bill (tbill), and five portfolios grouped as described in the text, according to lagged returns (momentum, contrary), book-to-market ratios (value, growth) and market capitalization (small). In the case of the APT models, the SP500, junk bond and contrarian portfolios are replaced by the three asymptotic principal components. The lagged instruments are the one-month Treasury bill yield and the dividend yield of the CRSP value-weighted stock index. 
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